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Fig. 1 Schematic diagram of forward prediction and correction

model of AO system based on deep neural network
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Fig. 2 Atomspheric simulation distorted wavefront, reconstructed wavefront and their residual wavefront. (a) Simulated wavefront;
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Table 1 Simulation parameter setting of atmospheric turbulent

Simulation parameter Value
Layer number 5
0.152
0.100
r, /m 0.057
0.047
Atmosphere 0.038
Wind speed /(m-s ") 5.65

Wind direction Random [0°-360°]

Transmission/receiving

altitude /m 10

Transmission distance /m 1000
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Fig. 3 Spatial-temporal prediction network combining attention mechanism and residual learning. (a) Overall structure of the forecast

network; (b) detailed structure of the forecast network
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Table 2 Average truth RMS, average prediction RMS, average RMSe and SSIM under different D/r, values

D/r, Truth RMS /A Prediction RMS /2 RMSe /A Ratio of RMSe to truth RMS SSIM

6.58 0.5091 0.5101 0.0253 4.96% 0.9424
10.00 0.6127 0.6125 0.0302 4.93% 0.9387
17.54 0.6991 0.7000 0.0347 4.96% 0.9389
21.28 0.8648 0.8659 0.0433 5.01% 0.9357
26.32 1.0717 1.0704 0.0539 5.03% 0.9371
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Fig. 4 Comparison of the performance of our proposed prediction method and non-predicted method in two-frame delay system under

different D/r, values. (a) RMS wavefront error (RMSe) comparison; (b) SSIM comparison
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method under two-frame and three-frame delay systems
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Fig. 6 Comparison of open-loop correction results of different methods for real distorted wavefront of a random frame in two-frame

delay system. (a) True wavefront, non-predicted wavefront and their residual wavefront; (b) true wavefront, predicted wavefront

and their residual wavefront
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Fig. 7 Performance comparison of our proposed prediction method, non-predicted method and ablation experimental methods in two-

frame delay systems. (a) RMSe comparison; (b) SSIM comparison

1 ke 306 RS iy 52 58 i R 4R 19— UCPE T 3 5080 it
1 7Tk, s 8 fr s o RGP RO IR S a5 AE
H AR .

4 R RUE
oy T 3 A B T B I 4 L X B

AO system

¢

1 km target point

K8 1 km G KRS AEH RS (a) HW (AO RG0) LA 5 (b) & 5 v (KT 265 7B B ARG TR 9L £y
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cooperative target light source) view
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Table 3 Parameters related to 1 km laser atmospheric transmission system

Simulation parameter Value

Diameter of telescope /m 0.28

Sampling frequency /Hz 500
SHWS order 1616

Wavelength /nm 1064
Telescope 7, /m 0.0149
Wind speed /(m-s ') 5.5-8.0

Wind direction
Transmission/receiving altitude /m

Transmission distance /m

Random [0°-360°]
10

1000
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RMSe distribution
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Abstract

Objective

Adaptive optics (AO) are commonly utilized for real-time wavefront detection and aberration correction. Nevertheless, a

typical AO system often experiences a time delay equivalent to at least 2-3 sampling periods due to wavefront sensor readout data

delay and control calculation delay. Hence, existing AO systems do not offer truly real-time corrections. When the frequency of
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turbulence alterations surpasses the closed-loop bandwidth of the AO system, this delay leads to the compensation wavefront on the
deformable mirror (DM) trailing the changes in the distortion wavefront. This lag substantially hampers the correction efficacy of the
AO technology. Consequently, predicting future atmospheric turbulence information in real-time bears significant research importance

and practical value in AO technology.

Methods In this paper, a spatiotemporal prediction network was proposed for AO wavelronts based on the attention mechanism.
This network simultaneously considered the temporal and spatial characteristics of atmospheric turbulence and selected the slope data,
which was easier to acquire in the AO system and had a lower dimension, as both the input and output of the network. With only six
frames of previous wavefront slope information, the wavefront slope of the second frame at a subsequent moment was determined.
The network initially employed the spatial attention mechanism to capture similar target features in each frame of the distorted
wavefront. It then utilized the residual learning strategy to remove redundant information between the input wavefronts of two
consecutive frames, producing refined target features. Additionally, recognizing that the degree of target feature information in each
frame of the distorted wavefront varied, the channel attention mechanism was further employed. This mechanism emphasized
distorted wavefronts containing a richer set of target feature values rather than evenly weighting the wavefront from each frame.

Following these steps, the final prediction of the wavefront slope was realized.

Results and Discussions The generalizability of the distorted wavefront dataset is tested under different atmospheric turbulence
intensities. As the turbulence intensity increases, the structural similarity (SSIM) between the predicted and true wavefronts stabilizes
above 0.9300, and the ratio of the root-mean-square wavefront error (RMSe) between the predicted and true wavefronts to the true
RMS is stable at approximately 5.00% (Table 2). In the two-frame delay system, when compared to the non-prediction method, the
performance improvement of the proposed prediction method is stable at approximately 40% (Fig. 4). Extended tests are performed on
the three-frame-delay AO system under the assumption that the RMSe increases when compared with the two-frame delay prediction;
however, the performance of the proposed prediction method increases by more than 43% when compared with that of the non-
predicted method (Fig. 5). Additionally, a set of ablation comparison experiments are conducted. Under the assumption of a two-frame
delay system, compared to the non-prediction method, the RMSe based on the attention mechanism and residual learning prediction
methods reduce by approximately 29% and 16% , respectively, while that based on the proposed method reduces by approximately
40% (Fig. 7). To further verify the performance of the proposed prediction network, we test the one-time open-loop data collected by
an actual 1 km laser atmospheric transmission system (Table 3); the average ground truth RMS of the experimental data is 0.94884,
the average prediction RMS is approximately 0.95574, the average RMSe is approximately 0.06754, and the RMSe is approximately
7.1% of the real true RMS (Fig. 9). Furthermore, to demonstrate the prediction capability of the network for the experimental data,
we extend the simulation of the three-frame delay open-loop correction process again. Compared to the non-predicted method, in two-
frame delay and three-frame delay systems, the average performance improvements of the proposed prediction method are 41.2% and
42.9% , respectively (Fig. 10). This reiterates the effectiveness of the proposed open-loop slope prediction network and the feasibility
of applying this network model to open-loop correction systems.

Conclusions In this study, an AO open-loop slope-prediction-network-based attention mechanism is proposed to achieve high-
precision wavefront slope prediction. The effectiveness of the network is experimentally proven, which can effectively overcome the
inherent delay problem of real AO systems. Additionally, the network uses only six consecutive frames of wavefront slope prior
information to achieve a high-precision actual wavefront for correction. This input and output configuration reduces the hardware
system’s load capacity and enhances the network model’s running speed, offering crucial guidance and application value for the
subsequent deployment of an actual AO delay system.

Key words adaptive optics; time delay error; attention mechanism; wavefront prediction
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